Environmental Engel curves (EECs) describe households' incomes and the pollution necessary to produce the goods and services they consume. We calculate 29 annual EECs from 1984 to 2012 for point-source air pollutants in the US, revealing three clear results. EECs are upward sloping, have income elasticities of less than one, and have shifted down over time. Even without changes to production techniques, pollution would have declined, despite nearly 20 percent growth in real after-tax incomes. This improvement can be attributed about equally to two trends: household income growth represented by movement along inelastic EECs, and economywide changes represented by downward shifts in EECs over time.
Introduction
This paper estimates household-level environmental Engel curves (EECs), which show the relationship between households' incomes and the amount of pollution embodied in the goods and services those households consume. Traditional Engel curves plot relationships between income and consumption of particular goods or services, holding prices constant. They are named for Ernst Engel, a German economist writing in the mid-1800s who studied the degree to which household food expenditures increase with income. Environmental Engel curves describe how households' pollution changes with income. This calculation is less straightforward than for traditional Engel curves, because households generate pollution not only directly as a consequence of their activities such as driving cars, but also indirectly as a consequence of consuming products whose production generates pollution, such as manufacturing the rubber and steel used to make those cars and refining the gasoline used to fuel them. We focus on this larger and less studied component, the indirect pollution generated to produce the goods and services households consume.
Why is this important? Over the past 30 years, total pollution emitted by US producers has declined considerably, even though the real value of US production has increased.
1 Prior research has examined this improvement by parsing the relationship between economic growth and pollution into three components: scale, technique, and composition (Copeland and Taylor, 2005) . Scale describes a proportional increase in economic activity-if the economy doubles, the scale effect doubles pollution. Technique describes changes to the pollution intensity of any particular activity, like refining a barrel of petroleum or generating a kilowatt hour of electricity.
And composition describes changes to the mix of activities that make up the economy. In the US, pollution due to the growing scale of production has been more than offset by some combination of technique and composition.
Recent research has shown that most of the pollution reductions in the US have resulted from changes in technique. Estimates range from 35 to nearly 100 percent, depending on the pollutant and time period studied. 2 The remaining composition effect itself has two components:
1 From 1980 to 2012, emissions of carbon monoxide and sulfur dioxide declined by roughly 80 percent, groundlevel ozone by 25 percent, and nitrogen dioxide by 60 percent, even though real GDP and real personal consumption expenditures more than doubled (US Environmental Protection Agency, 2014; FRED, 2014a and 2014b) . 2 Levinson (2009) calculates that somewhere between 50 and 95 percent of local air pollution reductions from manufacturing have come from technological change, depending on the pollutant and years examined, with the remainder being due to changes in the composition of output among 450 manufacturing industries. Brunel (2016) consumption and trade. The US can shift to cleaner products either by consuming cleaner goods or-in theory-by importing the relatively pollution intensive goods and exporting the clean ones. But Brunel (2016) and Levinson (2009) both show that changing trade patterns have been small or even in the opposite direction. The composition of US imports has been shifting toward cleaner goods, not more polluting ones, and doing so even faster than the composition of domestic production. That means that the domestic consumption composition change towards cleaner goods-the focus of this paper-is larger than the domestic production composition change measured by all those prior papers.
We study that consumption composition shift directly, using household consumption data from the Consumer Expenditure Survey (CEX), industry-by-industry emissions factors for five criteria air pollutants from the EPA's National Emissions Inventory (NEI), and input-output tables from the Bureau of Economic Analysis. We use those data to estimate the amount of air pollution required to produce each household's consumption, including all the necessary intermediate goods and services. And from that we calculate EECs separately for each of the five pollutants for every year from 1984 until 2012. With those EECs in hand, we then ask how much of the shift in US consumption toward clean goods comes solely from the fact that the average household today is richer than the average household 30 years ago-a movement along an EEC-and how much is due to changes in the mix of goods consumed by all households, holding incomes constant-a shift in the EEC.
Some observers have pointed to environmental improvements in the United States and other developed countries as evidence that income growth alone will reduce pollution. 3 But rich countries might have less pollution because they enact strict environmental regulations. The
EECs we estimate can help differentiate those sources of cleanup. Economy-wide trends, such as regulation-induced increases in the prices of polluting goods, will appear as downward shifts in EECs. By contrast, an underlying and possibly coincidental preference by richer households for attributes 35 to 87 percent of the cleanup to technique in the US. For Europe, she shows that the composition of manufacturing has been shifting towards more polluting industries, so the technique changes account for more than 100 percent of pollution reductions. Shapiro and Walker (2015) and Levinson (2015) also credit technique with the vast majority of pollution reductions. 3 For example, John Tierney wrote in the New York Times in 2009 that "the richer everyone gets, the greener the planet will be in the long run" ("Use Energy, Get Rich and Save the Planet," April 20). And Bruce Bartlett wrote in the Wall Street Journal in 1994 that "existing environmental regulation, by reducing economic growth, may actually be reducing environmental quality" ("The High Cost of Turning Green," September 14).
cleaner goods will appear as movements along concave EECs. Only the cleanup due to growing incomes along EECs can be considered in any way automatic, without policies or price changes.
One related literature involves so-called "environmental Kuznets curves," or EKCs, which refer to the aggregate relationship between pollution and national income. Hundreds of published empirical articles in the last 20 years have regressed various measures of pollution on flexible functions of national or regional income. 4 Low-income and high-income regions typically exhibit the least pollution, and middle-income regions the most, resulting in an inverted-U shape or EKC. But EKCs are nothing more than conditional correlations, without meaningful interpretations other than that pollution does not necessarily increase with economic growth. As Grossman and Krueger (1995) recognized in an early such paper "it should be stressed that there is nothing at all inevitable about the relationships that have been observed in the past. These patterns reflected the technological, political, and economic conditions that existed at the time." Richer countries might have less pollution for any of several reasons. They might enact stricter regulations, use cleaner fuels, 5 have more service-based economies, import relatively more of the most pollution-intensive goods, or-relevant to this exercise-perhaps their citizens choose to consume a less pollution-intensive mix of goods. EKCs cannot tell us why middle-income countries have historically had more pollution than poorer or richer countries.
EECs, on the other hand, are structural, representing income expansion paths holding prices constant. In fact, use of EECs to divide households' consumption-related pollution changes into two parts yields two of the many possible explanations for the observed inverse-Ushaped EKC patterns of national pollution. Movements along EECs represent changes in peoples' preferences as their incomes grow, holding prices, technologies, and regulations fixed.
And shifts in EECs represent changes in all of those other national characteristics over time.
One approach to estimating EECs would be to compare pollution, income, and consumption choices across countries at a point in time or across time within a country, similar to the way EKCs have been estimated. But EECs based on comparisons across countries or over 4 For examples in this journal see Harbaugh et al. (2002) and Millimet et al. (2003) . 5 A separate literature on "energy ladders" studies whether richer households choose cleaner fuel types, especially for cooking in developing countries (Hanna and Oliva, 2015) . But cooking fuel does not represent an obvious market failure, or externality. Households face the full tradeoff between inexpensive cooking fuel and indoor air quality. We examine whether richer households in the US choose a mix of goods whose upstream production generates less pollution.
time would be difficult to interpret because prices and characteristics of available goods change.
Richer countries might pass regulations making pollution-intensive goods costlier or less desirable, causing households to consume proportionally less of them. That difference would not be interpretable as the slope of an Engel curve because it would not represent the change in consumption that results from a ceteris paribus change in income.
Instead, our approach compares pollution, income, and consumption across US households and repeats the analysis separately each year from 1984 to 2012. Households within a given year each face the same relative prices, available products, and environmental regulations. 6 In each year, we combine production-side pollution intensity data with detailed information on household consumption to calculate the total point-source criteria air pollution created as a result of producing the goods and services that each household consumes. Plotting that indirect pollution against those households' incomes yields a set of annual EECs.
We construct these EECs separately for indirect emissions from each of five major air pollutants: particulates, volatile organic compounds, nitrogen oxides, sulfur dioxide, and carbon monoxide. We estimate separate EECs because each is measured in different units and has different environmental consequences. We could imagine other analyses using other datasets that might estimate EECs for other air pollutants, hazardous waste, water pollution, greenhouse gases, or the direct pollution from consumption such as burning gasoline in car engines. In this paper we develop the proof of concept by estimating EECs using these five most commonly studied air pollutants for which the data are most complete.
We also estimate two versions of each EEC: one based solely on income, and one that controls for household characteristics correlated with income: education, age, etc. As the "Engel Curve" entry in The New Palgrave Dictionary of Economics notes, "Engel curves may also depend on demographic variables and other consumer characteristics" (Lewbel, 2008) . We show that adding those common demographic variables has little effect on the conclusions about the shapes of EECs or how they have changed over time.
Ours is not the first paper to combine household level consumption data with pollution data to generate pollution by income. Metcalf (1999) combines the 1994 CEX with pollution data from 12 industries to study the incidence of a proposed pollution tax. Hassett et al. (2009) 
Data and Methods
Estimating EECs requires information on household income and the pollution attributable to each household's consumption. Since we are focusing on indirect pollution, we estimate the amount of pollution that was created in order to produce the specific goods and services consumed by each household in our sample, using information from the Consumer Expenditure Survey (CEX), the EPA National Emissions Inventory (NEI), and the economic and agricultural censuses.
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The CEX is collected each quarter by the Census Bureau and provides detailed information on itemized household consumption expenditures. 8 It contains a nationally representative sample of households selected on a rotating panel basis, with roughly 1,500 to 2,000 households entering the survey in any given quarter. Households are tracked for five consecutive quarters, over which they provide information on a wide range of expenditures, income, and other demographics. We group households according to the year and quarter of their second quarterly interview, the first one in which they provide expenditure information. We exclude households with expenditures on nursing homes (0.5 percent of the sample), students, the top and bottom one percent of households based on after-tax income, and any households with incomplete income data. This trimming of the data reduces the sample size from 236,605 to 95,512. To address possible bias that might arise, we reweight the sample based on age groups and homeownership status.
9
Consumption and income data in the CEX are categorized by approximately 850 separate universal classification codes (UCC) that capture around 80 to 95 percent of total household expenditures. These UCC codes include detailed categories-such as "men's suits" or "wigs, hairpieces, or toupees"-that account for 60 to 70 percent of household spending and broader categories-such as "total purchases at grocery stores"-that account for an additional 20 to 25 percent of spending. The CEX interviews do not collect information on housekeeping supplies, 7 All of the data are described in detail, along with links to sources, in the online appendix. 8 The CEX is organized based on "consumer units," rather than "households" (US Bureau of Labor Statistics, 2008). The terms have slightly different definitions, but are often used interchangeably. 9 We follow the same procedure used by the NBER to create a "usable sample" of CEX extracts with adjusted sample weights (Harris and Sabelhaus, 2000) . More details are in the online appendix. The NEI-based emissions intensities indicate the pollution generated during the production process of each good directly, but we also want to consider pollution from production of the inputs to those goods. For example, if a household purchases a sofa, we would want to know not only the pollution emitted while manufacturing the sofa itself but also the pollution from tanning the leather for its upholstery, milling the wood for its frame, and manufacturing the steel for its springs. Moreover, each of those inputs required its own inputs and pollution. To fully capture the total point-source air pollution associated with each household's consumption, we want to include pollution from manufacturing the products consumed, inputs to those products, and inputs to those inputs ad infinitum up the supply chain.
Upstream pollution from the entire chain of inputs for each item can be estimated using a Leontief (1970) analysis based on the input-output (IO) tables published by the US Bureau of Economic Analysis. These tables show the dollar amount of each input necessary to produce a 10 These omitted categories have roughly similar pollution intensities compared to included categories. For example, "soap and cleaning compound manufacturing" falls in the 41 st percentile in terms of particulate matter emissions relative to other industries and "pharmaceutical preparation manufacturing" falls in the 22 nd percentile. 11 A prior working paper version (Levinson and O'Brien, 2015) used the Trade and Environmental Assessment Model (TEAM) instead of the NEI. TEAM was developed by an EPA contractor (Abt Associates Inc., 2009) from NEI and other sources. While all of the general findings are similar, the levels of pollution using TEAM data in the working paper did not match aggregates, and so this version uses the official NEI data. 12 See US Environmental Protection Agency (2016) for a detailed description of the National Emissions Inventory. 13 The North American Industry Classification System (NAICS) classifies roughly 1,000 industries based on similarities in production processes. NEI pollutant emissions summary files can be downloaded from the EPA at https://www.epa.gov/air-emissions-inventories/pollutant-emissions-summary-files-earlier-neis. 14 We use 2002 because that was the last year in which the NEI and the Census of Manufactures overlap. dollar's worth of output for every other industry. Using the IO tables, we transform the direct emissions intensity coefficients into total coefficients that include the pollution to manufacture each final product, all of its inputs, the inputs to those inputs, and so on. 15 We combine the total pollution intensity coefficients with itemized expenditure information in the CEX to estimate the total amount of pollution created in order to produce each of the categories of goods and services consumed by every household in the survey. By calculating the pollution associated with each spending category for an individual household and then adding up pollution for all categories, we estimate the total amount of pollution attributable to the consumption of each individual household. The final result is a sample of 95,512 households organized in quarterly cross-sections and spread across 29 years of data from 1984 to 2012, in which each household has an estimated total pollution associated with its expenditures.
16 Table 1 shows the average per-household values for this indirect pollution, income, and other household charactieristics for 1984 and 2012, the first and last years of our series.
A few points are worth detailing here. First, because the CEX and NEI use different industry definitions, we manually created a concordance to match consumption items in the CEX with the pollution intensity of industries calculated from the NEI. Since the emissions intensities (based on NAICS codes) have more categories than the CEX, most CEX codes were matched to several NAICS categories. 17 We calculated the weighted average pollution intensity based on total sales for each NAICS code. Levinson (2009 Levinson ( , 2015 and Brunel (2016) , which show that shifting US imports have not accounted for a significant change in US pollution.
Another way imports might affect our estimated EECs would be if high-income households typically consume more imported goods and other countries use more pollution intensive processes. In that case rich households would be responsible for more pollution than we have estimated and actual EECs in any year would be steeper or less concave. Alternatively, 20 Others have studied how environmental regulations drive technological change, for example Popp (2002) , Aghion et al. (2016), and Brunel (2017) . Our focus is on consumption, so any regulation-caused change in pollution that we predict comes from changes to goods' prices or availability. 21 www.epa.gov/air-trends/sulfur-dioxide-trends accessed July 11, 2017.
if low-income households consume more imports and other countries pollute more, then actual
EECs in any year would be less steep.
To be clear, we don't know the pollution per dollar of production by foreign manufacturers, so we cannot account for that overseas pollution. By concentrating on US consumers and US emissions intensities we focus on two simpler and as yet unstudied questions:
how much has US consumption shifted toward goods produced by cleaner industries, as defined by US emissions intensities, and how has that shift been divided between movements along and shifts in the EECs.
Although assembling the data to estimate indirectly generated household pollution has been complex, several aspect of EECs make their estimation simpler than traditional Engel curves. For one, estimates of traditional Engel curves must account for the obvious endogenity of income and consumption. Both income and consumption are at least partly choice variables, so it is not clear whether people choose the goods they consume based on their incomes or choose their incomes in order to purchase the goods they desire to consume. Estimating traditional Engel curves therefore involves tricky issues of identification (Blundel et al., 2007) . But with EECs, we believe we are safe assuming people do not concern themselves with the pollution indirectly generated to produce the goods and services they desire when choosing how hard to work or what jobs to take. Pollution might affect their choice of goods if they are environmentally conscious but probably not their level of income. Income is thus arguably exogenous with respect to the pollution content of household consumption.
A second challenge to estimating traditional Engel curves is determining the appropriate degree of aggregation. Demand for narrow categories can vary widely across households and over time, making patterns difficult to discern. But broader categories may combine inferior and normal goods and mask the shapes of the underlying Engel curves. The Engel curve for beef may be ambiguously shaped if hamburger is a necessity and steak a luxury. When estimating EECs, however, what matters is the overall pollution created indirectly as a result of each household's consumption, not the specific consumption of individual goods or services.
One challenge that applies equally to ordinary and environmental Engel curves involves prices and quality. If richer households purchase more expensive, higher quality goods, they may spend more on those goods without consuming larger physical quantities or being responsible for more pollution. Because we estimate pollution by multiplying itemized expenditures by per-dollar pollution intensity coefficients, expensive items are assigned more pollution than inexpensive items. For example, if rich and poor households each purchase one bottle of wine, but the rich households' wine is pricier, our EECs will falsely attribute more pollution to the rich households even if both bottles were produced in the same manner. This results in a bias against finding that EECs are concave. Any concavity we find in those EECs and any share of the cleanup we attribute to that concavity can thus be interpreted as a conservative estimate.
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Nonparametric Estimates of Environmental Engel Curves
No theory dictates the form of the income-pollution relationship, so a natural first step is to examine the shape and structure of the EECs with as few restrictions as possible. 23 In fact, as Hausman et al. (1995) note, typical least squares or nonlinear least squares estimates of Engel curves suffer from classic errors-in variables problems. For that reason, we start here by simply plotting pollution embodied in consumption at different income levels, without running regressions of any kind. In the next section we estimate quadratic versions to account for other household demographics and regional variations, including prices, but the results there do not differ notably from these initial nonparametric versions.
We first separate households in the 1984 cross section of the CEX into 50 groups based on after-tax income, where each group represents 2 percent of the overall 1984 income distribution. We use after-tax income because otherwise changes in the shape of the Engel curve between 1984 and 2012 might be affected by changes in the progressivity of income tax policy.
During that period, the top marginal federal income tax rate fell from 50 to 35 percent (US Department of the Treasury, 2016). If we ignore that decline in progressivity, along with the pollution emitted producing government goods and services, it would exaggerate the concavity of the EECs found in later years.
The next step is to calculate the average level of pollution associated with consumption by each of the 50 income groups. We start by focusing on particulate matter smaller than 10 microns (PM10) because of its significant public health consequences and importance to costbenefit analyses, but we also show similar results for other major local air pollutants. Plotting 22 A related problem would arise if rich and poor households face different prices for identical goods. This could work in either direction. Rich people might face higher prices in costly metropolitan areas, or lower prices thanks to more local competition or the ability to price shop. 23 Common approaches others have taken range from simply plotting the data to nonparametric kernel estimation (Lewbel, 1991; Hausman et al. 1995) . Three phenomena are apparent from the EECs in figure 1 . First, richer households are responsible for more overall pollution. This is not surprising since richer households spend more on consumption and therefore have more pollution created as a result of producing the goods and services they consume.
Second, EECs have income elasticities less than one. This means that richer households consume less pollution-intensive mixes of goods and services, even if they are responsible for more overall pollution. Under standard definitions, goods whose consumption increases with income are "normal," and goods whose consumption increases less than one-for-one are considered "necessities." Pollution, according to these EECs, is a necessity. 26 Although much of the concavity appears at the top of the income distribution, rich households account for more spending. As a result, the slope and concavity depicted in figure 1 To test the sensitivity of the EECs to the use of after-tax income, we repeat the analysis using pre-tax income on the horizontal axis in figure 2 . If anything, the pre-tax EECs look less concave and have shifted down less over time. Perhaps the overall income tax system in the US is not progressive enough to affect the shapes of the curves.
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In figure 3 we plot these same nonparametric EECs (pollution against 1984 and 2012 after-tax income) for four other common air pollutants: volatile organic compounds (VOCs), nitrogen oxides (NO x ), sulfur dioxide (SO 2 ), and carbon monoxide (CO). All are similarly increasing, concave, and shifting down over time.
One drawback of the otherwise flexible approach to estimating EECs depicted in figures 1 and 2 is that they do not account for additional demographic factors related to household consumption. Standard Engel curves can vary with consumer characteristics (Lewbel, 2008) . In our context, those other characteristics may account for both the shape of EECs and their changes over time. In any year, richer households consume a less pollution-intensive mix of goods and services, but they also have different household sizes, ages, etc. And over time households appear to have consumed a less pollution-intensive mix of goods and services, but average household sizes, ages, and locations also changed.
Another possible concern with the nonparametric approach in figures 1 and 2 is that the "law of one price" may not hold. If some regions of the country have higher household incomes and higher relative prices for goods that require more pollution to produce, then our curves conflate income elasticities and price changes. Or, if incomes and relative prices have changed 27 In other tests we repeated the analysis using consumption on the horizontal axis rather than income. The results are qualitatively similar: EECs are upward sloping, have income elasticities less than one, and shift down over time. See online appendix figures A.8 and A.9.
over time at different rates in different regions, then our division of the cleanup into movements along and shifts in Engel curves may be biased by price effects. 
Parametric Estimates of Environmental Engel Curves
To account for household characteristics aside from income that affect the quantity and mix of goods and services consumed, we begin by estimating a series of quadratic linear regressions with household pollution on the left-hand side and after-tax income, income squared, and other covariates on the right-hand side:
where P and are pollution and after-tax income associated with individual households in the CEX, and is a vector of other covariates. The coefficients are indexed by t because we run separate regressions for each year to obtain a set of annual coefficients.
Column (1) of table 2 shows a version of that regression for PM10 pollution with only the after-tax income quadratic, excluding all the other household characteristics, using the 1984 cross section of the CEX. The estimated shape is concave and the negative coefficient on income squared (-0.03) is statistically significant.
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The second column of table 2 adds additional control variables for age, household size, marital status, indicators for race and education of the household head, and regional indicators that control for relative price differences. 29 Nearly all covariates are statistically significantly correlated with total PM10. Overall, the results suggest that households that are larger, older, married, more educated, non-black, and located in the South were indirectly responsible for more 28 We also explored other nonlinearities such as cubic polynomials and logarithmic specifications. (2) and (5)) and indicates whether there is a statistically significant difference.
Household size, and age had a smaller effect on pollution in 2012 relative to 1984, whereas household size squared, age squared, race being Black, and race being Other had larger effects. To formalize this, we also have estimated a version of the approach developed by Altonji et al (2005) as refined by Oster (2017) . Oster notes that, under some restrictive assumptions about the relationship between observed and unobserved covariates, the coefficients from the short and long regressions in columns (1) and (2) of table 2, along with their R-squareds, can be used to approximate the true coefficients from a hypothetical regression using a full set of observed and unobserved covariates. In our case, the results suggest that column (2) provides a reasonable estimate of the causal effect of income on pollution, even after taking into account other observed and unobserved household characteristics. 31 Over the entire 29-year period the income coefficient remains about steady, and slightly greater than 1.0 for PM10. The coefficient on income squared becomes more precisely estimated over time, and is marginally significantly negative throughout the latter half of the period. To see all 29 pairs of coefficients, see Appendix figure A.11. time, and have elasticities less than one. In addition, the curves become increasingly concave in more recent years.
To demonstrate what adding covariates does to the parametric EECs, the two thin lines in figure 4 plot regressions of pollution on income and income squared alone: column (1) of table 2 for 1984 and its analog (not shown) for 2012. Although adding the covariates does change their shape somewhat, the basic results remain. The EECs are upward sloping, shift down over time, and become increasingly concave. Table 3 shows coefficient estimates for quadratic EECs for four other common air pollutants, VOCs, NO x , SO 2 , and CO, using the 1984 and 2012 CEX. We calculate total emissions due to household consumption using the same technique as in table 2 and the same set of demographic control variables. In all cases, the coefficient on after-tax income is positively and statistically significant. Similar to PM10, the effect of after-tax income squared is not Out of concern that the four Census region indicators in tables 2 and 3 might not sufficiently account geographic difference, including relative prices, we have also estimated all of the models using state fixed effects. State indicators only became available in the CEX starting with 1993, so we lose the first 11 years of data. The income coefficients for all pollutants can be found summarized in the online Appendix, Table A .2. The coefficients on income and income square are not notably different from those with the regional fixed effects, and the basic results remain. Engel curves become flatter and shift down over time.
The two approaches so far represent extremes of parameterization. Figures 1 and 3 
An Application: Decomposing the Composition Effects
Movements along and shifts in the EECs affect the level of pollution embodied in the goods and services consumed by households, but there is an important distinction between the two effects. Movements along the EEC depend on underlying preferences of richer households relative to poorer households, all else equal. They are independent of any particular environmental policy intervention. In this sense, movements along an EEC may be predictive of future levels of pollution under status quo environmental regulations if household incomes increase but nothing else changes.
In contrast, shifts in the EEC are the direct result of evolving aggregate preferences or environmental policies that change the relative supply and demand for pollution-intensive goods.
There is no reason to expect the environmental benefits of downward shifting EECs to continue without the accompanying change in preferences or tightening of environmental policy.
Comparing annual sets of EECs allows us to decompose changes in this indirect
household pollution into a component due to income growth (a movement along the EEC) and a 
The first two terms in equation (4) capture the effect of changing income on total pointsource air pollution, holding constant the 1984 OLS coefficients. This is equivalent to a movement along the 1984 EEC. The second two terms capture the effect of the changing coefficients on income and income squared. This is equivalent to a shift (or change in shape) of the EEC. Finally, the last two terms account for changes in all other covariates, including demographics, migration, and household size, and their changing coefficients. Columns (2) through (5) of table 4 present similar analyses for VOC, NO x , SO 2 , and CO.
The scale effects and offsetting compositional shifts due to changes in average after-tax income resulted in increases in emissions (1.71 pounds, 4.82 pounds, 8.09 pounds, and 3.84 pounds, respectively). Like the case of PM10, these increases were all boosted further by the effects of demographic changes. The remaining portions of the total changes for each pollutant in table 4 were large, ranging from 5.74 pounds for VOC to 11.09 pounds for CO. For none of the pollutants, however, do the overall demographic changes other than income have substantial effects on total pollution, listed at the bottom of table 4; the pollution effects of the movements along and shifts in the EECs are much larger.
The increases in emissions due to changes in household income, such as the 0.88 pound increase in PM10, can be further decomposed into separate household-level scale and composition components. Along a given EEC, richer households consume more goods and services overall, but they also consume a less pollution-intensive mix relative to poorer households. The balance of these two effects depends on the shape of the EEC. To the extent that EECs are inelastic, the compositional component is stronger and households with higher income are responsible for proportionally less pollution. This effect becomes more pronounced as EECs become increasingly concave. On the other hand, if EECs were not inelastic, a pure scale effect would cause pollution to grow at the same rate as income. (3) and (4) is due to downward shifts in the EEC over time. 35 A curious feature of the CEX data is that real household incomes did not grow between 1984 and 1995. Hence all of the changes we describe in Table 5 stem from income growth during the last half of the sample period. The changes also include the decrease in income observed in later years. But the predicted changes in household-level pollution coming from movements along the Engel curves are derived from comparisons across households with different incomes in 1984. See the online appendix for a comparison of income measured in the CEX to that reported by the Congressional Budget Office and in the Current Population Survey.
The difference between the 2.26 pound increase in PM10 and our movement-related estimate of 0.88 from table 4 represents the mitigating effect of compositional shifts along the 1984 EEC. In this case, compositional changes in consumption along the EEC offset 1.38 pounds of PM10 from the scale effect, reported in column (4) of table 5. In total, the sum of the compositional offsets (-1.38 from movement along the EEC and -1.41 pounds from shifts in the EEC) together with the effects of demographics (+0.12 pounds) counteract the scale effect (2.26 increase) to equal the overall predicted change of -0.42 pounds. Those changes are depicted in figure 6 as lines (2) and (3).
All five major air pollutants exhibit similar patterns in table 5. Total emissions predicted by household consumption declined or only increased slightly (column 1), even though emissions would have grown substantially if they had increased one-for-one with household income (column 2). That difference (column 3) is partly offset by the fact that EECs are inelastic.
Pollution predicted by consumption doesn't increase one-for-one with income (columns 4 and 5).
The difference is mostly unaffected by demographic changes (columns 6 and 7). And the difference is partly explained by downward shifts in the EECs. Households with similar income and demographics consume a less pollution-intensive mix of goods and services in 2012 than they did in 1984 (columns 8 and 9).
A key conclusion from table 5 is that movements along the EECs and shifts in the EECs are roughly equally responsible for reductions in household pollution relative to a pure scale effect. This can be seen by comparing columns (4) and (8), which set aside the demographic changes in column (6) and the technique changes that are held constant throughout. Column (4) contains the pollution reduction due to movements along the EEC, and column (8) (5) and (9) of table 5 express these two effects-movements and shifts-as percentages of the overall pollution decline to be explained in column (3). We find that movements along EECs explain 27 to 68 percent of the overall compositional effect and shifts in the EECs explain 39 to 76 percent. But the fundamental insight is similar across pollutants. Changes in the goods and services households consumed between 1984 and 2012
were responsible for large declines in the pollution those households were indirectly responsible for. And those changes are about evenly split between those due to growing household incomes along inelastic EECs and those due to downward shifts of the EECs over time.
We have also estimated a version of table 5 and figure 6 where the "movement along"
calculation is based on EECs estimated from the quadratic in income alone, as in column (1) Engel curves describing the relationship between income and the pollution-intensity of household consumption provide a means for comparing these two effects.
Whether estimated parametrically or non-parametrically, EECs display three key characteristics: they are increasing, have elasticities less than one, and are shifting down and becoming more concave over time. These characteristics allow us to decompose changes in the pollution associated with household consumption into movements along the EEC and shifts in the EEC. Between 1984 and 2012 we find that compositional changes in consumption due to movements along EECs and downward shifts of EECs more than offset the 19 percent increase in real household incomes. For five common air pollutants, about half the overall offsetting compositional effect was due to movements along EECs and the other half to shifts in the EECs.
A few caveats deserve mention. We study only criteria air pollutants, the ones documented most thoroughly by the NEI and the ones that have been the focus of most decomposition analyses. That focus omits pollution coming from non-point sources (such as vehicles), other media (water pollution), and all other types of air pollution (toxins, CO2). We cannot be sure other pollutants follow the patterns we observe for the criteria air pollutants, but given how highly correlated the EECs are for the five pollutants we do study, we suspect similar conclusions would apply.
In the end, this decomposition of pollution changes into movements along and shifts in EECs represents just one aspect of the environmental consequences of economic growth. A large portion of the cleanup in the United States comes from changes in technology, but a significant fraction comes from the changing composition of production. If changing import composition does not account for that changing production, then it must come from consumption. Isolating the consumption-related compositional changes in pollution suggests that household-level composition changes have more than offset the increased pollution from growing household incomes.
In understanding the offsetting effect of compositional changes, the distinction between movements along and shifts in EECs is critical. An important reason pollution in the United
States has not increased one-for-one with income growth is that households have moved away from pollution-intensive goods and services. Our analysis shows that this change is not entirely automatic. Rich households in any given year do consume a proportionally less pollution- Robust standard errors shown in parentheses. Race dummies omit "white," education dummies omit "less than high school," and regional dummies omit "northeast." Regional designations in the 1984 and 1994 CEX only include non-rural households; regional designations in the 2005 and 2012 CEX include all households. Total household pollution is calculated by multiplying itemized household consumption with the pollution intensity of production for each type of good and summing for each household. Total pointsource air pollution includes upstream pollution based on a Leontief input-output calculation. All figures are calculated using 2002 production technology to estimate pollution. Nominal income values are adjusted using the CPI for all items; nominal expenditure values are adjusted using the corresponding core, food and beverage, gasoline, electricity, and fuel oil CPIs. Income elasticities are calculated at the annual median value of after-tax income, with all other variables fixed at their annual means. 
Figure 1. Pollution Embodied in Household Consumption -PM10
Income is adjusted for inflation using the all-items CPI. Consumption expenditure is adjusted using the core CPI with food, fuel, gasoline, and electricity adjusted separately using the corresponding CPI. Each pair of dots represents an income level corresponding to 2 percent of the 1984 CEX sample, with the highest and lowest one percent of households trimmed based on after-tax income. The top income bin includes all remaining households with real annual after-tax income higher than $110,529. 
Figure 6. Decomposition of Predicted Pollution from Household Consumption
Notes: The scale effect is calculated by increasing pollution in proportion to real after-tax income growth. Movements along and shifts in the EEC are calculated by estimating pollution in each year using the 1984 EEC coefficients. Pollution predicted using NEI-based pollution coefficients is estimated by matching itemized consumption expenditure in each year with the corresponding industry's 2002 pollution intensity. 
